We tested if a propensity score (PS) matching method supports the unidimensionality assumption of the Rasch model which is critical to link similar rehabilitation instruments. We obtained 1,013 respondents from the 2009 Hispanic Established Populations for Epidemiologic Studies of the Elderly Frailty study. We used a unidimensional item pool of 10 SF-36 physical function and nine activities of daily living items. Subjects were matched based on their functionality (high and low), and exploratory factor analysis was used to test if the item pool in the matched sample holds the unidimensionality assumption. The study findings revealed that the matched sample demonstrated two distinct measurement structures with excellent model fit. This finding indicates that the PS matching did not mimic the common-person assumption. Therefore, the combination of PS matching and common-person equating method may not be appropriate to equate two rehabilitation-related instruments administered to two different groups.
Currently, more than 90 standardized outcome measures assessing activities of daily living (ADL) have been utilized in rehabilitation (McHorney, 2003) . Unfortunately, the lack of an interchangeable scoring system among ADL measures, the different number of test items and rating scales (5-point or 7-point rating scales), as well as time constraints, limit clinicians' ability to utilize multiple measures in a clinical setting (Velozo, Byers, Wang, & Joseph, 2007) . While various ADL measures provide tailored information about patients' functional status, different ADL instruments in post-acute care (PAC) settings often interfere with continuity of care due to required reevaluation of patients' functional status at admission to different PAC settings. For instance, clinicians are required to use the Inpatient Rehabilitation Facility Patient Assessment Instrument (IRF-PAI) in inpatient rehabilitation facilities (IRFs) and the Minimum Data Set 3.0 (MDS) in skilled nursing facilities (SNFs) to measure patients' functional status even though the two instruments are designed to measure the same ADL items (Velozo et al., 2007) . The use of different ADL instruments across rehabilitation settings is time consuming, and inconvenient for both clinicians and patients (Hong et al., 2018) .
Recently, Rasch techniques (i.e., common-person equating methods) have been shown to effectively link and/or create crosswalks for similar ADL measures (Hong et al., 2018; Velozo et al., 2007) . In the common-person equating method, the response patterns of the common-individuals across two similar ADL instruments act as anchor points for two different scoring systems (Masters, 1985; Velozo et al., 2007; Wolfe, 1999; Wright & Stone, 1979) . For instance, Hong and colleagues (2018) created crosswalks between the Functional Independent Measure (FIM) and Korean version of Modified Barthel Index (K-MBI) using the common-person equating method. With this method, each raw score was linked to the corresponding raw score of the other instrument through the person measure (logits). For example, in the self-care construct, a FIM raw score of 27 is equivalent to a K-MBI score of 29 which allows researchers and clinicians to compare or translate a patient's scores between the two similar ADL instruments. However, this equating method requires that the same individual complete both instruments (Masters, 1985; Wolfe, 1999; Wright & Stone, 1979) which is often not feasible in occupational therapy. For instance, the IRF-PAI is exclusively used in IRFs not in SNFs, and most individuals do not receive rehabilitation in both places.
Another measurement approach designed to balance difference across samples is the propensity score (PS) matching method which can match individuals' characteristics and mimic common-person equating method between two groups (Austin, 2011; Rosenbaum & Rubin, 1983) . In other words, PS matching methods can balance different patient characteristics across groups (i.e., demographics or medical conditions). The assumption is that PS-matched samples support the core assumption of the Rasch model, unidimensionality (Masters, 1985; Wolfe, 1999; Wright & Stone, 1979) . If this pseudo-common person approach is true, we would be able to use this methodology to create crosswalks for ADL instruments completed by two different individuals. In other words, researchers would not require the same patients to complete both ADL instruments as the PS matching methods could mimic the Rasch required common-person assumption.
On the contrary, little is known about the effectiveness and feasibility of using the PS method across multiple ADL measures. Most importantly, it is not clear if the raw scores of the ADL items from the matched sample still support unidimensionality, which is the core assumption of the Rasch model. Unidimensionality is one of the two essential assumptions for the Rasch model (Wolfe, 1999; Wright & Stone, 1979) . Unidimensionality means that an instrument is measuring a single construct (a latent trait) that accounts for performance across all test items (Wright & Stone, 1979) . Velozo, Kielhofner, and Lai (1999) suggested that all items must measure the same trait or construct to create a legitimate measure. In addition, the unidimensionality assumption is critical to creating crosswalks between instruments with the common-person equating method (Wolfe, 1999) .
The rationale of this study was to test the feasibility of the PS matching method for mimicking the common-person (pseudo-common person) assumption in the Rasch equating method. Therefore, the purpose of our study was to test if the PS matching method supports the unidimensionality assumption of the Rasch model using a matched sample. We hypothesized that PS matching methods would support the unidimensionality assumption across two different functional measures common in disability and rehabilitation studies (SF-36 and standard ADL/IADL items).
Method
We used the public-use data file (n = 1,013) from the 2009 Hispanic Established Populations for Epidemiologic Studies of the Elderly (EPESE) Frailty study (Ottenbacher & Graham, 2016) . The Hispanic EPESE is a longitudinal cross-sectional baseline survey targeting Mexican American older adults, and is designed to measure the impact of frailty on disability, health-related quality of life, institutionalization, and mortality. (Ware & Sherbourne, 1992) . The 10 physical function items of the SF-36 consist of a 3-point rating scale (1 = yes, limited a lot, 2 = yes, limited a little, 3 = no, not limited at all). We created two groups from the SF-36 where "limitation" was a score of 1 or 2, and "no limitation" was a score of 3. We coded the limitation group as a "0" and the no limitation group as a "1," so that a higher score would indicate better physical functioning.
Instrumental Activities of Daily Living (IADL) Items
We used 10 IADL items which ask if people can do IADL tasks without any help, including using the telephone, driving a car, shopping, preparing meals, housekeeping, taking medicine, managing money, doing heavy housework, climbing stairs, and walking half a mile (Ottenbacher & Graham, 2016) . We recoded the original responses of "yes" into "1" and "no" into "0" to make a comparable rating scale with the 10 physical function items of the SF-36 and the seven BADL items, and to make higher scores indicate a better functional status.
Basic Activities of Daily Living (BADL) Items
We used seven BADL items which ask if people need any help to complete basic daily tasks, including walking a room, bathing, grooming, dressing, eating, getting from a bed, and toileting (Ottenbacher & Graham, 2016) . The BADL items consist of a 3-point rating scale (1 = need help, 2 = don't need help, 3 = unable to do). We combined the rating scale of 1 and 3 into 0, and changed the rating scale of 2 into 1 to make a comparable rating scale with the 10 physical function items of the SF-36 items and the 10 IADL items, and to make higher scores indicate a better functional status.
Data Analysis
The data analysis consisted of three phases: (a) creating a unidimensional item pool among the 10 physical function items of the SF-36, the 10 IADL items, and the seven BADL items using exploratory factor analysis (EFA); (b) matching two random samples (n = 250 each) based on functional status using a PS matching method; and (c) rerunning EFA to examine the unidimensionality assumption of the matched sample item pool (see Figure 1 ). Figure 2 presents how the duplicated sample and items were created for the EFA tests with the matched sample. We created an identical sample which had the same set of unidimensional items (Step 1, Figure 2 ). We named the created identical sample item set "duplicated items." The two samples were then matched using the PS matching method (Step 2, Figure 2 ). The unidimensionality assumption of the sets of test items (original and duplicate; duplicate and original) was then reexamined by EFA (Step 3, Figure 2 ).
Unidimensional Item Pool
The unidimensional item pool was determined by EFA. We used the weighted least squares with adjustments for the mean and variance (WLSMV) estimation for EFA (Muthén & Muthén, 2015; Reeve et al., 2007) and determined a unidimensional factor structure with test items having factor loadings greater than 0.70 (Tabchnick & Fidell, 2006) . In addition, the model fit of the unidimensional item pool was examined by model fit indices, including comparative fit index (CFI > 0.95), Tucker-Lewis index (TLI > 0.95), and root mean square error of approximation RMSEA (<0.06; Reeve et al., 2007) . We used Mplus version 7.4 software to perform EFA (Muthén & Muthén, 2015) .
PS Matching
The PS matching methods can balance the covariate differences between the treated and untreated groups (Austin, 2011) . Among various PS matching methods, including inverse probability of treatment weighting adjustment (IPTW), IPTW with stabilized weight (SW), and 1:1 matching (Austin & Mamdani, 2006; Rosenbaum & Rubin, 1983 , 1984 , 1985 , we used 1:1 PS matching method to examine if the matched sample by the PS matching method can support the unidimensionality assumption among the final test items from the EFA analysis.
First, we created a function variable by cauterizing the total scores into "1 = high" and "0 = low" based on the total score (above and below of the total score) of the final test items of the EFA. Second, we estimated PS scores based on the likelihood of having a high function from a logistic regression model (Equation 1) by controlling the subjects' 14 demographic characteristics listed in Table 1 :
where PS is the conditional probability of having the exposure (high function) given a set of covariates ( . . . ).
Next, the random sample (n = 250) was matched based on their total score category (high and low) with a sample of 250 subjects using a greedy 1:1 matching algorithm, without replacement within the calipers of width equal to 0.10 of the standard deviation of the logit of the complete pooling PS (Coca-Perraillon, 2007) . We matched a relatively small number of the two random samples (n = 250 each) because we wanted to secure wellmatched samples from the 1:1 matching method which typically drops unmatched subjects. After matching the samples, we ran a PS diagnostic test for the 1:1 matching method, including the absolute standardized differences in means of all covariates (Rosenbaum & Rubin, 1984; Stuart, 2010) . The criterion for the absolute standardized differences between the two groups was less than a 0.2 absolute standardized difference in means of all covariates (Normand et al., 2001; Stuart, 2010) .
Testing Unidimensionality of the Function Items From the Matched Samples
The matched sample has two sets of test items: the original SF-36 and ADL items, and the duplicated SF-36 and ADL items (Figures 1 and 2) . We examined the factor structures of the two sets of items, including (a) the original SF-36 items and the duplicated ADL items, and (b) the duplicated SF-36 items and the original ADL items, using EFA. Next, we ran Kappa statistics to examine the agreement (or response pattern) between the original and duplicated items for the matched sample (i.e., original bathing and duplicated bathing item). In addition, we ran the paired t test on each item to examine the group differences in the matched sample.
We used SAS version 9.4 software to perform all analyses (SAS Institute, 2015) , except for the factor analysis, and we considered statistical significance at an alpha level of .05 in two-sided tests. Table 1 presents the demographics of the two random samples (n = 250, n = 486, respectively). The average of the total sample was 82.2 years (SD = 4.5). The majority was female (n = 445, 60.4%), and had cataracts (n = 689, 68.4%), hypertension (n = 469, n = 63.7%), and arthritis (n = 440, 59.8%). Before matching, the two random samples were statistically different in all covariates (all p < .05) except for hypertension (p = .35) and thyroid problems (p = .22). 
Results

Unidimensional Item Pool
PS Matching
The 1:1 matching method matched the original random sample (n = 250) with the same number of subjects from the remaining sample (n = 250) which resulted in dropping the remaining unmatched sample (n = 236). After matching, most covariates were balanced in the matched sample, except for the self-rated health (p = .0004), pain (p = .0167), and anemia (p = .0210). Figure 3 presents the absolute standardized differences in means of all covariates. Before matching, 11 of 14 covariates had greater than 0.2 absolute standardized differences between the unmatched groups. However, after matching only three covariates (self-rated health, pain, and anemia) had greater than 0.2 absolute standardized differences between the matched groups. While these three variables had a higher value than the diagnostic test criterion, the difference of the self-rated health between the matched groups was not clinically meaningful (M = 2.9 vs. 2.8), and the pain and anemia variables had marginally higher values than the criterion value. Therefore, we proceeded to the unidimensionality testing utilizing all 19 test items in the matched sample. Table 3 presents the EFA results among the original and duplicated test items in the matched sample: First, we explored the factor structures among the original 10 SF-36 items and duplicated nine ADL items, and found that there were two distinct factor structures: one being the original 10 SF-36 items (eigenvalues = 6.3) and the other being the duplicated nine ADL items (eigenvalues = 4.2). These test items had high factor loadings on each factor (greater than 0.7) and demonstrated excellent model fit for the two-factor structure: RMSEA = 0.028, CFI = 0.997, TLI = 0.996. Similarly, the Note. ADL = activities of daily living; IADL = instrumental activities of daily living; BADL = basic activities of daily living; EFA = exploratory factor analysis; SF-36 = 36-Item Short Form Health Survey; RMSEA = root mean square error of approximation; CFI = comparative fit index; TLI = Tucker-Lewis index. *Significant at 5% level.
Testing Unidimensionality of the Function Items From the Matched Samples
EFA among the duplicated 10 SF-36 items and original nine ADL items in the matched sample had two-factor structure (eigenvalues: first factor = 8.8 and second factor = 6.7), and demonstrated excellent model fit for the two-factor structure: RMSEA = 0.037, CFI = 0.994, TLI = 0.993. These EFA results indicate that the matched sample by 1:1 PS matching method did not support the unidimensionality assumption among the initial unidimensional test items (Table 2) . Table 4 presents the paired t-test and Kappa statistics in the original and duplicated test items in the matched sample. The paired t test revealed that there were no significant differences between the original and duplicated items (all p > .05), meaning that the average of scores between the original and duplicated items was similar. However, the Kappa statistics revealed that the response pattern scores between the original and duplicated items were not statistically different in all items except for bathing (κ = .138, p = .017) and getting from a bed to a chair (κ = .144, p = .012), which had weak agreements.
Discussion
The purpose of our study was to test if the PS matching method supports the unidimensionality assumption of the Rasch model, which would support the use of PS models when the common-person approach is not plausible. We hypothesized that PS matching methods hold the unidimensionality of the health-related item set for the matched sample. However, the study results did not support our hypothesis, and revealed that while the PS matching method balanced covariate differences, the PS matching method did not support the unidimensional assumption for the initially unidimensional item sets in the matched sample. In other words, the study findings indicate that the PS matching method did not mimic the common-person assumption for the Rasch common-person equating method; hence, the PS matching method is not feasible to address the typical problem in equating two similar ADL instruments which were completed by two different samples.
Before matching the original and duplicated samples with the PS method, the initial sample demonstrated a unidimensional item pool (10 SF-36, 2 IADL, and 7 BADL). However, after matching, the two item pools (original 10 SF-36 items and duplicated 2 IADL and 7 BADL; duplicated 10 SF-36 items and original 2 IADL and 7 BADL) violated the unidimensionality assumption and demonstrated two different factor structures (Table 3) . In other words, if the PS-matched item pools supported the unidimensionality assumption, the subsequent EFA (Step 3, Figure 2 ) should have demonstrated a unidimensional item pool, suggesting that we could use PS matching to mimic Rasch common-person assumption when two different measures are used across different samples to evaluate ADL function.
If the PS matching method supported the common-person assumption for the Rasch common-person equating method, researchers would not need to ask the same subjects to complete two similar ADL instruments to create a crosswalk between the scoring systems of the two instruments. However, the PS matching method did not support the unidimensional assumption for the unidimensional item sets in the matched sample. This can be explained by the mathematical model (see Equation 2):
where p indicates the number of variables ( , , , ), X X X p 1 2  m indicates the number of underlying factors ( , , , ), F F F m 1 2  and X j indicates the latent factor discovered in the data (Harman, 1976) . In addition, factor loadings ( a j1 , a j 2 , …, a jm ) indicate how each item contributes to each factor and the correlations between each item to each factor (Kline, 2014) . In other words, factor analysis identifies interrelated items into latent factors using the correlation coefficients among items. However, while the average score of test items was not statistically different in the matched sample between the original and duplicated sample, the matched sample revealed different response patterns on Kappa statistics between the original and duplicated items (see Table 4 ). We ran Kappa statistics for each item between the original and duplicated sample to examine if the response pattern of each item was consistent for both the original and duplicated samples. While the matched samples (original and duplicated) demonstrated similar demographic characteristics (Table 1) with good balance suggesting that we would be able to mimic the common-person assumption; the Kappa statistics demonstrated different response patterns in each item in the matched sample. This finding may explain why the PS matching method is not feasible for the Rasch common-person equating method. In addition, even conceptually similar test items between the original and duplicate items (SF-36 original dressing and BADL dressing items, SF-36 original climbing several flights of stairs and IADL climbing stairs) demonstrated different factor loading patterns on the two factors (see Table 3 ). These findings indicate that the PS matching method is a useful tool to balance group differences; however, this method is not sensitive enough to mimic the common-person assumption for the Rasch common-person equating method, which requires a unidimensional measurement structure on EFA. Hong (2016) reported a similar finding related to the feasibility of PS matching method for the common-person assumption. In that study, American and Korean adults were matched to create a disability measurement that was used to compare the disability levels between the two counties. In this study, the author reported that the 1:1 PS matching method did not support the common-person assumption, and explained that this might be due to generic differences in the samples of American and Korean adults (i.e., contextual, cultural differences related to health or disability). However, our study used the same sample with the same contextual factors and still yielded similar violation in unidimensionality. Our findings indicate that the contextual differences are not the primary problem with the unidimensionality assumption. Instead, the issue may be a measurement issue related to the insensitive capacity of PS matching to generate similar response patterns.
This study revealed that the PS matching method did not support the common-person assumption for the Rasch common-person equating method. Unfortunately, the commonperson assumption is critical to create a crosswalk between two similar ADL instruments. Therefore, patients and clinicians will need to spend extra time, and complete the two similar ADL instruments to compare the scores. An alternative test equating method is the common-item equating method where common items between the two instruments act as anchors between the two ADL instruments (Wolfe, 1999; Wright & Stone, 1979) . However, this method also requires a minimum of five common items between two instruments, and often leads to noisy item parameter estimations due to a lack of anchor points between the two instruments which makes it challenging for researchers to create a crosswalk between similar ADL instruments (Linacre, 2017) . Therefore, researchers and clinicians will need to use the common-person equating method to create a crosswalk between two similar ADL instruments, unless a new research method can address the limitation of the PS matching method in mimicking the common-person assumption.
Limitations
This study has several limitations: In this study, we used a greedy 1:1 matching algorithm which is considered as a strong covariate adjustment method and can mimic a randomized clinical trial (Austin, 2011; Coca-Perraillon, 2007; Rosenbaum & Rubin, 1983 , 1984 , 1985 . While this matching method is robust in balancing covariates, our findings revealed that there were considerable differences in three demographic characteristics after matching, including self-rated health, pain, and anemia (see Figure 2) . We reiterated the PS matching method to balance the three variables; however, all results revealed greater than 0.2 absolute standardized differences in means after matching. In addition, our PS matching was based only on high and low functional status which might not be precise enough to generate an accurate PS. Future studies would need to generate PS for various exposures (function score as well as physical performance score) to balance those three covariates.
Second, we chose a random sample of 250 subjects for the matching because the 1:1 PS matching method automatically drops unmatched subjects. However, the required sample size was chosen arbitrarily. So, future studies would need to replicate the study procedures with different matching sample size (i.e., n = 150, 250, 350, etc.) to examine the feasibility of the PS matching method for Rasch common-person equating requirement. In this study, the feasibility of the PS matching method for the pseudo-common person assumption was only based on the SF-36 and ADL/IADL item. Future research should explore broader sets of functional items. Finally, while there are various PS matching methods, we only utilized a greedy 1:1 matching method. Therefore, the study findings should be validated by various item pools or instruments using different PS matching methods.
Conclusion
While the PS matching method efficiently matched the study sample by controlling demographic and chronic conditions, the matched sample demonstrated different response patterns on the 19 physical function and ADL items. This finding indicates that the PS matching method can balance the total score of each item among the matched sample; however, the PS matching method does not mimic response patterns of each item for the matched sample. In other words, the PS matching method did not align with the common-person assumption for the Rasch common-person equating method. Therefore, combining the PS matching method and common-person equating method may not be appropriate for equating two rehabilitation-related instruments administered to two different groups. Instead, the PS matching method can be used to effectively balance covariate differences when comparing total scores between two groups.
